Amortized Inference of Neuron Parameters on Analog Neuromorphic Hardware

Jakob Kaiser, Eric Miiller, Johannes Schemmel

Institute of Computer Engineering, Heidelberg University, Germany
Kirchhoff Institute for Physics, Heidelberg University, Germany

26. March 2026

Neuro Inspired Computational Elements Conference, Atlanta, USA

1/11



Introduction

Observations x*

)]l
Ul

2/11



Introduction o Summary &

Observations x*

)]l
Ul

Model M
dVm
CmT(t) =g-(\L — V) +1lo

2/11



Introduction Summary & Outlook

Observations x*

JWW Parameters 6
: _—

Algorithm [1.2,46 ]
Model M [2.9,7.1,...]
dVn
CmT(t) =g (VL — V) +1o

2/11



Introduction Results Summary & Outlook

Observations x*

_JM/HUL Model Output x’

JWW Parameters 6
) Algorithm [12,456,...] M(0) _J L
: é Ly Uy e e }
Model M [2.9,7.1,...] ” J B
dVn
CmT(t) =g-(\L — V) +1lo

2/11



Introduction esults Summary & Outlook

Observations x*

_JM/HUL Model Output x’

JWW Parameters 6 _j
: __ser_ . [1.2,4.6,...] M) —
Model M [2.9,7.1,...] ” J B
Pz :

BrainScaleS-2

2/11



Introduction

Summary & Outlook

Experiment Setup

Model:
AdEx neuron on BrainScaleS-2

® analog neuron circuits
m adaptive exponential integrate-and-fire neuron model:

dVin@

G dt

=g (VL — V)

Vin(e) — VT)
At
+ lsyn(® + Ity — w(v),

+ gLATexp (

Tw d(;vt(t) =a(Vm® — W) — w,

Vi crosses Vip:

Vi — V,
w— w+ b.

3/11



Introduction

Experiment Setup

Model: m parameters are controlled by a DAC with 10 bit resolution
AdEx neuron on BrainScaleS-2

Figure adapted from S. Billaudelle et al., presented at the 2022 29th IEEE International Conference on Electronics,

Circuits and Systems (ICECS), pp. 1-4.
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Outlook:
B more quantitative evaluation, e.g. calibration of the posteriors

m infer parameters from electrophysiological data, e.g. from the Allen Database

BrainScaleS-2 Tutorial
tomorrow, 8:30a.m.
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